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Abstract. Nearly half of the senior citizens report difficulty initiating
and maintaining sleep. Frequent visits to the bathroom in the middle of
the night is considered as one of the major reasons for sleep disorder.
This leads to serious diseases such as depression and diabetes. In this
paper, we propose to use a network of cheap low-resolution visual sen-
sors (30 × 30 pixels) for long-term activity analysis of a senior citizen
in a service flat. The main focus of our research is on elderly behaviour
analysis to detect health deterioration. Specifically, this paper treats the
analysis of sleep patterns. Firstly, motion patterns are detected. Then,
a rule-based approach on the motion patterns is proposed to determine
the wake up time and sleep time. The nightly bathroom visit is identi-
fied using a classification-based model. In our evaluation, we performed
experiments on 10 months of real-life data. The ground truth is collected
from the diaries in which the senior citizen wrote down his sleep time and
wake up time. The results show accurate extraction of the sleep dura-
tions with an overall Mean Absolute Error (MAE) of 22.91 minutes and
Spearman correlation coefficient of 0.69. Finally, the nightly bathroom
visits analysis indicate sleep disorder in several nights.
Keywords: Sleep disorder, sleep analysis, visual sensor networks, am-
bient assisted living
1 Introduction
Sleeping is of the utmost importance to everyone, especially for the elderly.
According to the following study [8], the authors have found that 30% of the
people have trouble to sleep. In another study [7] on more than 9000 elderly
subjects, more than 4500 subjects have reported difficulty falling asleep due to
frequent visits to the bathroom at night for voiding, waking up too early, or
sleeping late.
Nocturia is defined as the awakening from sleep to urinate after an individ-
ual has gone to sleep. In a recent study [20], Nocturia-related awakenings are
reported to cause significant sleep disorder and fatigue in elderly patients. Sleep
disorder increases the risk of poor physical function and decreases the cognitive
function. This dangers the quality of life of the senior citizens. The disease asso-
ciated with insufficient sleep for the senior citizens have a significant impact on
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health care. In the approaching decade, the institutions that take care of the se-
nior citizens will run into operational and financial problems in the approaching
decade.
Aging-in-place presents itself as a promising solution for health care systems.
Recently, aging-in-place has gained a lot of attention in recent years due to the
fact that many senior citizens prefer to age and maintain their independence
as long as possible in their own homes [5] because of the emotional and phys-
ical associations, memories and comfort. Aging-in-place promotes well-being of
older people without scarifying the quality of life in a familiar environment and
maintains the valuable social networks. The success of aging-in-place depends
on Ambient Assisted Living (AAL) tools which have witnessed tremendous im-
provements in the last few years. AAL tools provide supervision and assistance
with activities of daily living (ADL) to prevent, cure, and improve wellness and
health conditions of seniors.
We have been monitoring a senior citizen living in a service flat in Belgium
for one year using a network of 10 low-resolution visual sensors. In this paper, we
discuss our efforts to analyze sleep patterns. We are still developing approaches
and algorithms to recognize more ADLs to detect increasing or decreasing health
conditions. The main contributions of this paper are: (1) indirect detection of
sleep durations and nightly bathroom visits. (2) The evaluation of the sleep
analysis approach on a real-life dataset covering 10 months by comparing the
results to ground truth, and (3) studying the relation between sleep disorder and
the number of the nightly bathroom visits.
The paper is organized as follows. In section 2 , we present related work. Sec-
tion 3 explains our approach of detecting sleep durations and nightly bathroom
visits. Section 4 describes our experimental results. Finally, Section 5 offers some
conclusions.
2 Related Work
The sensors used in AAL tools can be divided into two main categories: (1)
wearable sensors, smartphone and (2) ambient sensors. In the first category
[10, 2], various wearable sensors, such as accelerometers, gyroscopes, proximity
sensors and e-textile sensors, could be attached to the subject of interest to
monitor vital signs such the heart beats, the respiration, the blood pressure and
the glucose level and the muscle activity. In [16] the authors used a chest strap
and a wristband wearable devices to analyze the sleep patterns, and to identify
the most relevant sleep parameters for stress detection. They evaluated their
approach on 10 healthy pilgrims for 18 days. Zhenyu Chen et al. [4] presented
an approach for measuring sleep duration based on a novel best effort sleep
(BES) model. The BES model infers sleep using smartphones in a completely
unobtrusive way. Their approach achieved an accuracy of 42 minute on 8-persons
for 7 days. Bed occupancy sensor (BOS), tele-actimeter and sleep logs have been
used in [14] to analyze total sleep time and sleep quality. However, wearable
sensors and smartphone face a few disadvantages such as battery life, high cost,
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being forgotten to be worn by the user, and the requirement to be worn on
specific body parts to provide reliable measurements.
In the second category, ambient sensors are installed in the home environ-
ment by mounting them on the wall or the ceiling, embedded in furnitures and
appliances. Passive Infrared Motion (PIR) sensors, visual sensors and Radio Fre-
quency Identification (RFID) are the most popular among researchers. In [17],
the authors used pressure sensor matrix to monitor the elders sleep behavior in
bed. Enamul Hoque et al. [11] presented a sleep monitoring system based on
active RFID-based sensors equipped with accelerometers. They evaluated their
system for six nights on one subject. Despite the popularity of PIR sensors, they
are known of having the following problems: (1) highly bursty output which
limits PIR systems to single-person scenarios; (2) self-triggering due to sudden
changes in environmental conditions such as heating, ventilating, and air condi-
tioning; (3) PIR cannot sense people who are standing still [19].
There has been a few attempts to use camera for sleep analysis. In [9], the
authors proposed a camera-based system combining video motion detection, mo-
tion estimation, and texture analysis with machine learning for sleep analysis.
Their system should be installed in front of the bed to perform the sleep anal-
ysis. They used six video sequences with six different subjects to validate their
system. A sleep monitoring system using Kinect has been proposed in [13]. The
system used depth and infrared images to track the body for posture and move-
ments analysis. The system has been evaluated on 20 simulated use-cases for
7 hours. In [15]. the authors used Kinect and contact-based pressure mattress
to build a sleep monitoring system. The system combined rule-based and su-
pervised learning methods to recognize sleep patterns of 7 different individuals
simulating their sleep habits. In another study [12], the authors introduced a
Kinect-base setup where a number of measures are computed to quantify the
amount of relevant motion. Then, a binary classifier is used for the actual sleep
detection.
Our approach of sleep analysis is different than the work in [9, 13, 15]. The
authors used a high-resolution camera in front of the bed for sleep analysis which
raises concerns about the privacy. In contrast, we opted to use low-resolution
cameras, and not cameras with regular imaging resolutions which often raise
privacy concerns and increase the cost of the sensor network. Also, no visual
sensor has been installed inside the bedroom for sleep analysis. In [16, 4, 9, 11],
they performed sleep analysis on small datasets (several days) and the datasets
were captured in lab environments. On the contrary, we perform long-term sleep
analysis on 10 months of real-data recordings in a real service flat setup.
3 Sleep Analysis Approach
We used the low-resolution visual sensors [3] in previous studies [6, 18] for per-
son tracking in our lab, as a first step, towards building a sensor network in a
service flat for activity analysis. The sensor network deployed in the service flat
is composed of 10 cameras as shown in Figure 1. Each camera includes a stereo
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pair of visual sensors producing images of 30 × 30 pixels, and a digital signal
controller. The visual sensor images often suffer from artifacts due to read out
problems such as electrical interference, and it does not have built-in processing
capabilities such as lens shading correction resulting in a reduction of the im-
age’s brightness (vignetting). This can be solved by performing devignetting on
the digital signal controller.
Fig. 1. The camera consists of stereo pair of image sensors controlled by a digital signal
controller. Each image sensor delivers an image with a resolution of 30× 30 pixels.
The results in this paper are obtained from a system setup in a service flat,
covering an area of 8 × 4.4 m2. Figure 2 displays the living space layout with
camera positions. The voluntary older person participating in the installation
is 83 years old with diabetes and decreased mobility due to a partial paralysis.
However, the resident has a very clear mind. No instructions were given to the
senior citizen about the way and the time of performing the sleep activity. The
senior citizen was hospitalized in April 2014, December 2014 and January 2015
for 18, 8 and 9 days respectively.
One of the major challenges of the current setup is the unavailability of the
visual sensors in the bedroom and the bathroom which increase the difficulty of
detecting accurate sleep durations and nightly bathroom visits.
We propose a simple approach that estimates the presence of the senior
citizen in the room. Let pk(t) be the average number of foreground pixels in
frames t . . . t + L − 1 of camera k. Then, we output a motion feature vector
~xt = (pk(t) . . . pm(t)) where m is the number of the visual sensors. In this paper,
we opted to use the correlation method as a foreground/background subtraction
algorithm for its good performance with the visual sensor of [3], as indicated
in a previous study [18]. The obtained results were good enough for detecting
motion patterns produced by the senior citizen as shown in Figure 3.
We use a rule-based approach to detect the wake up time and sleep time.
The inference rules have the generic form: if a and/or b then C. The wake up
time is detected when the senior citizen produces sufficient motion in the service
flat in the morning. The motion should last for several minutes (e.g., more than
30 minutes) to indicate the senior citizen has actually woken up, and not to be
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Fig. 2. Living space layout showing the configuration of ten visual sensors (each con-
taining stereo image sensor) covering an area of 8× 4.4 m2.
(a)
(b)
Fig. 3. (a) Original images, (b) foreground images produced by the correlation method.
confused with the nightly bathroom visit. Wherein, sleep time is detected by
considering the last motion the senior citizen produces (e.g., turning off the TV
at night). The TV status is detected by computing the intensity values of the
TV’s region of interest. If the intensity proceeds a threshold, then the TV status
is on. Otherwise, the TV status is off.
Let wd be the wake up time of day d and sd−1 be the sleep time of day d−1.
Then, the sleep duration ud of day d is computed as
ud = wd − sd−1 (1)
For the nightly bathroom visits, we use a Support Vector Machine (SVM) classi-
fier with RBF kernel for detecting the nightly bathroom visit. The training data
of the nightly bathroom visit D is defined as:
D = {~xi, yi|yi ∈ {0, 1}}
n
i=1, (2)
where the yi is either 0 (not in the bathroom) or 1 (inside the bathroom),
indicating the the class to which the feature vector ~xi belongs. In the training
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step, We annotate one week of data containing the nightly bathroom visits. Then,
we use the annotated data to build a SVM model. After building the model, the
motion feature vectors are computed for the test days and classified. Finally, the
nightly bathroom visit is valid when:
1. The bathroom visit happens after 30 minutes from the time the senior citizen
goes to sleep.
2. There is a time difference of 60 minutes between two consecutive bathroom
visits.
3. The bathroom visits take place between the bedtime and 5 am.
4 Experiments
To validate the performance of our proposed approach, we collected 10 months of
real-life recordings using a network of 10 low-resolution visual sensors producing
an image of 30 × 30 pixels at a frame rate of 50 fps. Video capturing is time-
synchronized. The data of each day corresponds to a 24 hour period starting
from midnight.
In this section, we compare the estimated sleep durations against ground
truth. The ground truth is collected from diaries in which the elderly wrote
down his sleep time and wake up time. The ground truth obtained from the
diary has been validated by an informal caregiver (e.g. family member). The
diaries are noted everyday, except for a few weeks when the caregiver forgot to
give the senior citizen new diaries. The data interpreted has been demonstrated
to some caregivers in the project meetings and workshops. The caregivers were
excited about what is possible from the visual sensor data analysis.
Figure 4 shows the comparison between the estimates and the ground truth of
sleep duration for two different periods. The vertical error bars in Figure 4 shows
the overestimates and the underestimates of sleep durations. About 20% of the
cases are overestimated and 6% of the cases are underestimated by more than 30
minutes. There are more overestimates than underestimates of sleep durations
due to standing up without putting the lights on. Figure 5 shows the estimates
and the ground truth of the wake up time. The overestimates of the wake up
time can be clearly seen in the winter period (Figure 5b) than the summer period
(Figure 5b). Similarly, Figure 6 shows the estimates and the ground truth of the
sleep time.
Next, we compute the cumulative score (CS) to evaluate the sleep dura-
tion performance within error ranges. The cumulative score CS(j) is defined as
Ne≤j
N
× 100% where Ne≤j is the number of days on which sleep duration esti-
mates have an absolute error not higher than j minutes. Figure 7 shows the CS
of the sleep duration estimates. At an absolute error range of 25 minutes, we
achieve an accuracy of 70%. The accuracy reaches 80% with an absolute error
range of 40 minutes. We use the Mean Absolute Error (MAE) to measure the
performance of the senior citizen sleep duration estimates:
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Fig. 4. A comparison between estimates and ground truth of sleep duration. The ver-
tical error bars show the overestimates and the underestimates of sleep duration: (a)
May and June, (b) October, November and December.
MAE =
N∑
d=1
|ud − u
′
d|
N
, (3)
where ud is the sleep duration estimate of day d, u
′
d is the actual sleep duration
of day d and N is the number of ground truth days. the MAE of the sleep du-
ration estimates is 22.91 minutes. Then, The Relative Absolute Error (RAE) is
computed to measure the error percent:
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Fig. 5. A comparison between the estimates and the ground truth of wake up time:
(a) May and June, (b) October, November and December.
RAE =
∑N
d=1
|ud−u
′
d|
u′
d
N
× 100 (4)
The RAE of the sleep duration is 6.39%. Despite waking up without putting
the lights on, our approach of estimating the sleep duration provides promising
results close to the ground truth. The accuracy can be increased by using other
sensors inside the bed room such as PIR sensors and thermopiles.
Finally, we measure the Spearman’s rank correlation coefficient to assess how
well the relationship between the sleep duration estimates and the ground truth.
Let ui be the sleep duration estimates set, and let πui be the set of corresponding
ranks. Similarly, let πu′i be the ranks of the ground truth set u
′i. Let di be the
difference between the two ranks πui and πui . The Spearman’s rank correlation
coefficient rs is defined as:
rs = 1−
6d2i
n(n2 − 1)
, (5)
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Fig. 6. A comparison between the estimates and the ground truth of sleep time: (a)
May and June, (b) October, November and December.
where n is the number of ground truth days. The Spearman correlation coefficient
rs is 0.69. This value shows that the correlation between the sleep duration
estimates and the ground truth is high. Figure 8 shows the correlation between
the sleep duration estimates and the ground truth.
Next, we measure the number of the bathroom visits in the middle of the
night to discover sleep disorders. We used SVM for detecting the nightly bath-
room visits. 10% of the output results (30 days) from the SVM have been vi-
sually checked. In most of the cases, the nightly bathroom visits were detected
correctly. In few cases, the nightly bathroom visits were not detected due to
standing up without putting the lights on. Figure 9 shows the number of the
nightly bathroom visits per day from April to December. The senior citizen goes
to the bathroom on average from one to two times per day. There are few days
when the senior citizen went to the bathroom for three times per day. These
days are possible indication of sleep disorder [1]. Figure 10 shows the number of
the nightly bathroom visits per month. There are more nightly bathroom visits
in June and August (46) than in the other months. This indicates a high possi-
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Fig. 7. The cumulative score of the sleep duration estimates at absolute error levels
from 0 to 60 minutes.
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Fig. 8. The correlation coefficients between the sleep duration estimates and the ground
truth.
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bility of sleep disorder. April (16), May (31) and December (35) have the least
bathroom visits because the senior citizen was hospitalized. Finally, Figure 11
shows the probability of sleeping and visiting the bathroom in the middle of the
night according to the preference of the senior citizen. The senior citizen prefers
to sleep around the midnight with a probability of 50% and around 11 pm with
a probability of 30%. He most likely visits the bathroom between 2 am to 5 am
with probabilities of 27%, 29% and 29% respectively. There is a possibility of
15% that he goes to the bathroom around 1 am after he sleeps for one hour.
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Fig. 9. The nightly bathroom visits per day from April to December.
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Fig. 10. The nightly bathroom visits per month from April to December.
5 Conclusions
In this paper, we presented a network of low-resolution visual sensors installed
in a service flat of a senior citizen in Belgium. Our approach of detecting sleep
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Fig. 11. The probability of sleeping and visiting the bathroom in the middle of the
night.
durations is promising and does not require to install visual sensors inside the
bedroom. We analyzed the sleep patterns and the nightly bathroom visits indi-
rectly to indicate sleep disorders. The wake up time and sleep time were iden-
tified using a rule-based approach based on the motion patterns. The nightly
bathroom visits were detected using SVM classifier. We collected 10 months of
real-life video recordings. Our approach of estimating sleep durations against
ground truth achieved MAE of 22.91 minutes and rs of 0.69. Then, we studied
the relation of the nightly bathroom visits and sleep disorder. The study showed
several nights of sleep disorder. In the future, we aim at integrating and fusing
visual information with data from other types of sensors (e.g. in the bed frame),
and controllers (e.g. X10 or PIR) for detecting more activities to show health
deterioration or improvement.
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